Hedonic methods are a prominent approach in the construction of quality-adjusted price indexes. This paper shows that the process of computing such indexes is substantially simplified if arithmetic (geometric) price indexes are computed based on exponential (log-linear) hedonic functions estimated by the Poisson pseudo maximum likelihood (ordinary least squares) method. A Monte Carlo simulation study based on housing data illustrates the convenience of the links identified and the very attractive properties of the Poisson estimator in the hedonic framework.
equation determined by the interaction of supply and demand and, hence, there are no a priori restrictions on its functional form: practitioners should simply use some statistical criteria to chose the hedonic function which provides the most accurate price predictions. In contrast, Reis and Santos claim that the type of price index that is used determines not only the form of the dependent variable of the hedonic regression but also the estimation method that should be used. Otherwise, some basic properties of QAPI would not be satisfied. Finally, there is an apparent consensus that the time dummy variable method should be used only in association with price indexes based on geometric means and hedonic functions where the logged price is the dependent variable and the right-hand side (RHS) is linear in the parameters. This is because the main attractiveness of the time dummy variable method is the possibility of obtaining very simple expressions for QAPI and all authors seem to think that such expressions can only be obtained using the mentioned combination of price index and hedonic function.
In order to clarify and conciliate some of these divergent positions, in this paper we investigate in a comprehensive way whether or not there exist any links between the type of price index to be computed and the form of hedonic functions, hedonic methods and estimation methods. We focus on two hedonic price indexes, the arithmetic hedonic price index (AHPI), which is based on the ratio of unweighted arithmetic means of prices, and the geometric hedonic price index (GHPI), which is based on the ratio of unweighted geometric means of prices. In contrast to the traditional practice in the hedonic literature, which focus exclusively on QAPI, throughout the paper we use a similar framework to that commonly applied in the analysis of the decomposition of mean outcome differences between groups (see e.g. the recent survey by Fortin, Lemieux, and Firpo, 2011) and examine the decomposition of unadjusted price indexes into quality and quality-adjusted price components under a variety of assumptions.
Three main points emerge from our investigation: (i) there is a very convenient link between AHPI (GHPI) and hedonic functions that use the asset price (logged price) as dependent variable -failure in respecting this link implies that consistent estimation of QAPI require in general the application of bias corrections that may be very hard to estimate; (ii) there is a link between a linear (exponential) specification for the RHS of the hedonic function and the ordinary least squares (Poisson pseudo maximum likelihood) method -if other estimation methods are used, then inconsistencies between alternative forms of calculating QAPI may arise and the process of producing these indexes may be more time-consuming; and (iii) in the time dummy framework, there is a link between AHPI (GHPI), hedonic functions that use the asset price (logged price) as dependent variable and linear (exponential) specifications for the RHS of the hedonic function -otherwise, the QAPI will not have a simple expression. Through a Monte Carlo simulation study, we illustrate both the very large biases that may arise in this framework if link (i) is not respected and the very attractive properties of the Poisson pseudo maximum likelihood (PPML) estimator in the hedonic context. This paper is organized as follows. Section 2 briefly reviews the construction of hedonic price indexes. Section 3 examines whether there exists any link between price index formulas and the form of the dependent variable in the hedonic function. Section 4 analyzes the existence of links involving the method chosen for estimating the hedonic function. Section 5 examines the specific case of the time dummy variable method. Section 6 is dedicated to the Monte Carlo investigation. Finally, Section 7 presents some concluding remarks.
2 The construction of hedonic price indexes: a brief overview Throughout this paper,   denotes the price  of asset  at period , where  indexes different assets in each time period. We assume that either  = 0 (base period) or  =  (current period).
Let   be the number of assets observed at each period. Let   be the characteristic  of asset  at period ,  = 1  , and let   be the 1 × ( + 1) vector with elements   ,  = 0  , where variable  0 = 1 denotes the constant term of the hedonic regression. Next, we provide a brief overview of the construction of hedonic price indexes.
Arithmetic and geometric price indexes
The two main alternative elementary formulas for computing price indexes are based on the ratio of (unweighted) arithmetic or geometric means of prices. Let   and   be, respectively, the population arithmetic and geometric price indexes and let  and  be the corresponding sample estimators. For period , the sample arithmetic price index is given bȳ
while the sample geometric price index may be written as
It is straightforward to show that   is a consistent estimator of the population arithmetic index
while   is a consistent estimator of the population geometric index
The overall asset price change between periods 0 and  is due to the different characteristics of the assets sold in each period and/or pure price movements. Assuming that each asset's characteristic may be evaluated, both    and    may be decomposed into two components: a quality index (   or    ), which assumes that the implicit prices of the asset characteristics do not change over time and, hence, measures the price change that is due to changes in the asset characteristics; and a QAPI (
, which assumes that the asset characteristics are constant across time and measures the price change that is due to changes in their prices.
Thus, we may write the population arithmetic price index as
 and the population geometric price index as
 , where
and
Laspeyres (Paasche) QAPI, since the comparison is based on the assets existing at the base (current) period.
The prices of the asset characteristics are not observable, so the sample estimators   and    cannot be directly decomposed into quality and quality-adjusted price indexes. However, if a sample of the assets characteristics is available for each period, it is possible to estimate their implicit prices, and their evolution, using the hedonic regression, which relates (asset) prices to (asset) characteristics. Based on this regression, alternative estimators for the unadjusted arithmetic and geometric price indexes may be constructed, being given by, respectively,
which are consistent estimators of    and    provided that the predictors  and \ ln (  ) are consistent estimators for  (  ) and  [ln (  )], respectively. As shown later in the paper, under suitable assumptions, the hedonic estimators   and   may be straightforwardly decomposed into quality and quality-adjusted price indexes.
The hedonic function
Most of the specifications that have been used for the hedonic function in empirical studies differ essentially in the form under which the explanatory variables enter the model (e.g., logs, squares, interaction terms), while the dependent variable appears either in levels or in logarithms and the RHS is typically linear in the parameters. In this paper we do not discuss the first issue, because, for our purposes, the exact specification of the explanatory variables is irrelevant in the sense that any function of the asset characteristics is easily accommodated by the procedures proposed in the next sections to compute AHPI and GHPI. 2 In contrast, as shown later in the paper, both the form of the dependent variable and the specification of the RHS of the hedonic function affect decisively the construction of hedonic price indexes.
Given that prices are strictly positive, in this paper we focus on the following two specifications for hedonic functions: the log-linear model
and the exponential model
where   ( *  ) is the error term and   ( *  ) is a ( + 1) × 1 vector of parameters, with elements   ( *  ). The parameter   ( *  ) is often interpreted as the implicit marginal price for (some function of) characteristic   and is allowed to change over time. 3 While the log-linear model (9) has been widely used in the construction of hedonic price indexes, the exponential model (10) has been rarely applied in the hedonic literature. 4 In fact, when the dependent variable of the hedonic function is chosen to be the price itself, it has been much more common to use the linear model   =    * *  +  * *  , which, however, may generate negative price estimates in applied work. 5 In a nonstochastic form (i.e. without an error term), models (9) and (10) would represent 2 Because of this, next, for simplicity, we use broadly the term 'log-linear' to denote any regression model that considers logged prices as the dependent variable and uses a specification linear in the parameters for the RHS (e.g., log-log, semi-log and translog models).
3 See, however, Pakes (2003) , who argues that there is no obvious interpretation for the parameters of the hedonic function given that it represents a reduced form model. 4 See Wooldridge (1992) for one such rare application. 5 See inter alia the application by Hill and Melser (2008) for the housing market, who had to drop dwellings with negative price predictions before computing price indexes. exactly the same relationship between   and   . However, due to the presence of the stochastic error terms   and  *  , the two models are not equivalent, since the former requires the assumption  (   |   ) = 0, while the latter assumes  [exp ( *  )|   ] = 1. As is well known, neither of those assumptions imply the other, i.e.  (
3 Links between the price index formula and the form of the dependent variable of the hedonic function
This section examines in detail how AHPI and GHPI may be consistently estimated when the dependent variable of the hedonic function is either the price or the logged price. A particular attention is given to the case of exponential and log-linear hedonic functions, but the most important results presented also apply to other specifications of the RHS of the hedonic function.
Links in the framework of arithmetic indexes
The analysis that follows is made first considering a log-linear hedonic function and then for the exponential case. In the end, the conclusions are extended to any hedonic function that uses the logged price or the price as dependent variable.
The case of a log-linear hedonic function
Using a log-linear hedonic function as basis for computing an AHPI has been a very popular approach in the hedonic literature; see inter alia Coulson (2012) , Dorsey, Hu, Mayer and Wang (2010), Hill (2012) , Malpezzi, Chun and Green (1998) and Triplett (2006) . However, while the estimation of a log-linear hedonic function yields directly consistent estimates for the logarithm of the asset price, \ ln (  ) =    (see equation 9), not for the price itself, the computation of an AHPI requires consistent estimates of prices, not logged prices. Moreover, due to the stochastic nature of hedonic functions, the antilog of
. Indeed, the log-linear hedonic function (9) implicitly assumes 
where  (·) may be a nonlinear function,  *  is some function of   , and   is a vector of parameters. Assuming, for the moment, that  (·) is a known function and that a consistent estimator for   ,  =  ( *   ), is available, a consistent estimator of    of (3) is given by:
.
( 1 3 ) Clearly, the only case where the naive estimator exp ³  ´f or   can be used for consistent estimation of    occurs when   is constant across assets and over time (  = ). Expression (13) is decomposed into quality and quality-adjusted price components as follows:
are consistent estimators for, respectively, 
it is clear that in the scale of interest for the construction of AHPI, the implicit price of each characteristic is a function of both  and  . 6 Thus, the estimation of AHPI based on loglinear hedonic functions requires, in general, the availability of consistent estimates of  0 and   , which, by turn, require the specification of the  (·) function in (12). Instead of making a direct functional form assumption for  (·), it has been much more common to make further assumptions on the distribution of the error term   , which imply a specific form for  (·).
One possibility consists of assuming that   is homoskedastic, which implies that
does not depend on   , see Duan (1983) . Under this assumption, a consistent estimator of   is given by Duan's (1983) smearing estimator, which consists of estimating the unknown error distribution by the empirical distribution function of the ordinary least squares (OLS) residuals of the log-linear model and then taking expectations with respect to that distribution:
Alternatively, it may be assumed that   has a normal distribution with a variance of a
As is well known, this implies that exp (  ) has a log-normal distribution, with mean given by:
( 1 6 ) In this case, an estimate of   can be obtained by regressing the squared OLS residuals of the log-linear model on  *  . From now on, we use the term 'normal-smearing estimator' to denote the estimator computed according to (16).
Many authors in the hedonic price literature are aware of the need for applying bias corrections when computing AHPI from log-linear hedonic functions. Clearly, most authors prefer to apply the normal-smearing estimator (e.g., Coulson, 2012; Dorsey, Hu, Mayer and Wang, 2010; Malpezzi, Chun and Green, 1998; Pakes, 2003; Triplett, 2006) rather than the smearing correction (García and Hernández, 2007 , seem to be the only authors to have used this estimator), although all of them assume homoskedasticity. Typically, the assumptions underlying the application of the chosen bias correction are not discussed, much less are they tested. Moreover, some authors still do not apply any bias correction in this context, either because it is considered irrelevant or because practitioners are simply not aware of it. 7 The Monte Carlo study in Section 6 illustrates the important biases that may arise if such bias corrections are not implemented.
The case of an exponential hedonic function
As shown in the previous section, the computation of AHPI based on log-linear hedonic functions requires an estimate of   . On the other hand, the estimation of   by simple methods requires some stringent assumptions on the distribution of the error term, which, a priori, there is no reason to believe will hold with actual data. 8 In this section, we investigate whether the calculation of AHPI is simpler when the hedonic function has an exponential specification.
Assume that the data generating process (DGP) of asset prices is appropriately described by the exponential hedonic function (10), with  [ exp ( *  )|   ] = 1. Assume also that the researcher specifies and estimates that same hedonic function. In this framework, a consistent predictor of asset prices is simply given by  = exp ³   * ´. Therefore, a consistent estimator of    is given by the hedonic estimator   of (7), with  replaced by exp ³   * ´, which can be straightforwardly decomposed into quality and quality-adjusted price indexes:
Clearly, the construction of AHPI based on exponential hedonic functions is much simpler, since there is no need to implement any bias corrections. Nevertheless, because log-linear and exponential regression models are not equivalent, it is important to examine the effects of estimating an exponential regression model in cases where the DGP has a log-linear representation.
Consider first the augmented log-linear model that assumes in addition to (9) that:
Then, from (11), it follows that
where  *  ≡   +   . Hence, for our purposes, the addition of assumption (18) to the log-linear model is equivalent to assume from the start that the DGP of asset prices is appropriately described by the exponential hedonic function (10). Therefore, the exponential model (19) produces consistent estimators for  (  |  ) even when the true hedonic function has a loglinear form, provided that assumption (18) holds in the data. It is true that   and   cannot be identified but that is irrelevant for the computation of AHPI.
As shown next, assumption (18) is by no means heavier than those made in the previous section to ignore or to simplify the estimation of the   in the log-linear context. Let  0 be the intercept and  + be the remaining component of   . The bias correction may be ignored only if   =  = exp (), which, relative to (18), imposes two additional constraints:  0 =  and  + = 0. The smearing estimator, by assuming   =   = exp ( 0 ), is also more restrictive, because it requires that  + = 0. Relative to the normal-smearing estimator, the augmented log-linear formulation does not require normality of   but adds the assumption  *  =   . However, functions of   can be straightforwardly added to the index function in (18). For example, assume that the true hedonic function is log-linear and that (16) reduces to
where   is a vector containing the distinct elements of both   and  2  and  *  is a vector of parameters. Therefore, assumption (16) is also easy to accommodate in a standard exponential regression model. Thus, the same assumptions that simplify the calculation of AHPI when the hedonic function is log-linear, also ensure that the exponential model yields consistent estimators for asset prices.
The general case
The previous analysis suggests that it is much simpler to compute AHPI based on exponential hedonic functions, which do not require the estimation of any bias corrections, than to use log-linear models, in which case not only is there one additional function to be dealt with (the error variance function) but also it is typically less clear how to specify it. Thus, we may conclude that there is a very convenient link between the computation of AHPI and the specification of exponential hedonic functions. However, using an exponential model is not the only way of ensuring that no bias corrections are required to calculate AHPI. Indeed, it is straightforward to see that simple decompositions of unadjusted price indexes as in (17) are also produced by any other hedonic function that uses the price as dependent variable (e.g., the linear model), irrespective of the particular specification adopted for the RHS. It is also evident that with any other form of the dependent variable it will be necessary to use (variants of) the more complex decomposition (14), irrespective of the particular transformation adopted for the dependent variable of the hedonic function. Hence, what is effectively relevant for a simple computation of AHPI is that the dependent variable of the hedonic function is the price itself and not some transformation of it.
Thus, we may conclude the following:
Link 1a: There exists a link between the computation of AHPI and hedonic functions that consider the untransformed asset price as dependent variable.
If this link is respected, AHPI may be consistently estimated without applying any bias corrections and one may focus on the issue of choosing the best specification for the RHS of the hedonic function. To this end, we may use standard functional form tests (e.g., RESET) to assess whether the adopted model is in fact an appropriate specification for  (  |  ) and/or employ non-nested hypothesis tests to assess, e.g., linear and exponential models against each other. We may also, following Pakes (2003) , use the adjusted  2 to decide which hedonic model provides the most exact and accurate price predictions. Therefore, the apparently contradictory positions of many authors discussed in the Introduction are actually conciliable, since: (i) although by convenience the choice of the dependent variable must be dictated by the choice of the price index, there are no a priori restrictions on the specification of the RHS of the hedonic function; and (ii) in all empirical studies where log-linear models have been used to compute AHPI, the (sometimes implicit) assumptions made imply that asymptotically equivalent results are produced by exponential hedonic functions.
Links in the framework of geometric indexes
Using arguments similar to those put forward in the previous section, it is straightforward to show that the construction of GHPI simplifies considerably when the hedonic function uses logged prices as the dependent variable. For example, assuming that the DGP of asset prices is suitably described by a log-linear model, a consistent estimator of    of (4) is given by the hedonic estimator of (8), with \ ln (  ) replaced by    , which can be decomposed as follows:
In contrast, any specification for the hedonic function that does not use logged prices as the dependent variable will require the use of bias corrections. For example, using an exponential hedonic function when the DGP of asset prices has in fact an exponential form produces the following decomposition:
since, from (10), it follows that
where
Similarly to the AHPI case, some assumptions may be made in order to simplify the estimation of  ( *   *  ), which are easily accommodated by the log-linear model. Therefore, we conclude that:
Link 1b: There exists a link between the computation of GHPI and hedonic functions that consider logged asset prices as dependent variable.
4 Links between the price index formula, the RHS of the hedonic function and the estimation method Another issue that is worth investigating is the relation between the sample (   and   ) and the hedonic (   and   ) estimators of unadjusted arithmetic and geometric price indexes that were introduced in Section 2.1. Next, we discuss under which circumstances both type of estimators produce identical estimates of unadjusted price variations.
From (2) and (8), a sufficient condition for ensuring that   =   is given by:
In general, this equality does not hold. However, there is a case in which equation (24) is satisfied. When the hedonic function has a log-linear specification and the parameters of the model are estimated by OLS, the estimator  for   satisfies the following set of orthogonality conditions between the residuals  and the explanatory variables:
Typically,   includes an intercept, implying that P   =1  = 0 and, hence, the averages of both the observed and OLS predicted logged prices are identical, as in (24).
Similarly, equality   =   is only satisfied when: In all cases, the only condition required for consistency is the correct specification of the hedonic function, with the methods differing essentially on the functional form assumed for the conditional variance of exp ( *  ) in (10):
where  = 0 (GPML),  = 1 (PPML) or  = 2 (NLS) and  is a constant term. As shown by Santos Silva and Tenreyro (2006) , the first-order conditions for each estimator are given by:
which implies that only when  = 1 (PPML estimator) are the averages of observed and predicted dwelling prices identical as required by condition (26). 10 A very useful implication of equations (24) and (26) is that the process of producing Paaschetype QAPI is substantially simplified. Consider
of (17), with  = . Denote by  the arithmetic mean of the actual asset prices in period . Estimating *  by PPML, it follows from (26) that
( 2 9 ) a similar simplification is available if we use a linear hedonic function and estimate it by OLS.
In the case of GHPI,   of (21), with  =  and  estimated by OLS, may be simplified tô
where  now denotes a geometric mean. These simplified Paasche-type price indexes are very attractive for statistical agencies, because they may be computed in a more timely and simple manner: the hedonic function needs to be estimated only at the base period.
Thus, we conclude that:
Link 2: There exists a link between a linear (exponential) specification for the RHS of the hedonic function and the OLS (PPML) estimation method.
10 The PPML method is available as a canned command in many econometric packages. For instance, it may be implemented in Stata using one of the following command lines:
(the latter command requires the previous installation of the package ppml.ado; just type 'findit ppml' and follow the links). See Santos Silva and Tenreyro (2011) for details on both implementations of the PPML estimator.
At this point it is worth acknowledging that similar conclusions to those stated in Link 1a, Link 1b and (part of) Link 2 have been achieved by Reis and Santos Silva (2006) . However, in addition to working in another context (they dealt with weighted indexes for frequently traded assets) and not having explicitly dealt with exponential hedonic functions, there are two crucial differences between our approach and theirs. The first has to do with the definition of a QAPI.
Right from the start, Reis and Santos Silva (2006) Link 2 only means that the process of producing Paasche QAPI will be more time-consuming and that in small samples there may be some deviations between hedonic and sample estimates of unadjusted price variation, which tend to zero asymptotically.
Links in the context of the time dummy variable method
The technique used in the previous sections to obtain the price decompositions given in (17) and (21) is known as the imputation price method, which is the most common and flexible hedonic method because it allows the model parameters to vary freely over time. 11 In contrast to this method, the time dummy variable method assumes that the implicit prices of the asset characteristics are constant across a certain number of time periods. Hence, only one hedonic function needs to be estimated for the whole period, using a sample that comprises observations from all periods.
Let  denote that number of periods, let   be a vector of  − 1 dummy variables whose elements   ( = 1   − 1) take the value unity if asset  was sold at period  (and zero otherwise), and let  ( * ) be the associated vector of coefficients with elements   ( *  ). Let also   be a vector containing all asset characteristics other than the period of sale and  ( * ) be the associated vector of parameters that is assumed to be constant over time. Thus, in the log-linear case the hedonic function may be written as
while in the exponential case it is given by
Under suitable assumptions, consistent predictors for logged asset prices in periods 0 and  are given by, respectively, \ ln ( 0 ) =  0 and \ ln (  ) =   +  and consistent predictors for asset prices are given by, respectively, 0 = exp
From (21), it follows that the GHPI based on the log-linear function (31) simplifies tô
( 3 3 ) which is a well known result in the hedonic literature and, in fact, the main attractiveness of using the time dummy variable method. For this reason, and because most authors seem to think that a similar result is not possible in the AHPI framework, there is an apparent consensus in the hedonic literature that there is a link between the time dummy variable method, the log-linear hedonic function and the GHPI, in the sense that only with this specific combination of methods, functions and indexes is the calculation of QAPI substantially simplified. See, for example, Diewert, Heravi and Silver (2009 ), Haan (2010 ), Hill (2012 , and Silver and Heravi (2007) , which, in their sections dedicated to the time dummy variable method, restrict their attention to GHPI calculated from hedonic functions based on logged prices, and Diewert (2011) and Triplett (2006) , which consider a linear hedonic function and conclude that no expression similar to (33) is available in the AHPI framework. However, as shown next, a similar simplification applies to AHPI when used in association with the exponential hedonic function (32). Indeed, from (17), it follows that:
( 3 4 ) Hence, the link established in the hedonic literature is reformulated as follows:
Link 3: In the framework of the time dummy variable method, there exists a link between the AHPI (GHPI) and hedonic functions that consider the price (logged price) as dependent variable and use an exponential (linear) specification for the RHS.
Monte Carlo simulation study
We use Monte Carlo methods to compare estimators of (fixed base Paasche-type) AHPI based on choices that do and do not respect Link 1 and/or Link 2. For the latter type of estimators, whenever they require additional assumptions and bias corrections, we also evaluate the biases that result from either the invalidity of those assumptions or the non-application of the corrections required. In order to obtain a realistic scenario for our experiments, we use the housing dataset of Anglin and Gençay (1996) for the Canadian city of Windsor as basis to simulate several patterns of evolution for dwelling prices and characteristics. All experiments are based on 5000 replications.
6.1 Link 1
Experimental design
In the first set of experiments, we evaluate the performance of alternative estimators of AHPI in the framework of the imputation price method. The following model was used to generate the dwelling prices in each of the  = 0  20 periods that this study comprises: ) where  , , and  are, respectively, the logarithm of the lot size of the property, the number of bedrooms, and a dummy variable which equals one if the dwelling is located in a preferred neighborhood of the city. Based on Anglin and Gençay's (1996) dataset, we set
For the remaining periods,   =  −1 (1 + ∆  ),  ≥ 1, where the four elements of ∆  are drawn independently from a Normal distribution with mean zero and variance 0.0001 (Design A) or 0.0001/50 (Design B). The generated pure price evolution is quite distinct in Designs A and B, being much more irregular and displaying much larger absolute variations in the former case.
The error term   was generated from three alternative distributions with mean zero and
 , where  = 15, and a Gumbel distribution  (−0577216     ), where   = q 6 2   2 . It can be shown that in the normal and Gamma cases, the log-linear model (35) is equivalent to an exponential model, with the regressor  2  added under heteroskedasticity, while in the Gumbel case that equivalence is only valid under homoskedasticity. 12 Based on Anglin and Gençay's (1996) dataset, the following expressions were used to generate distinct patterns for the error term variance:
] (timevarying error variance), either because  2  = 0075 +0015 or is randomly drawn from a Uniform distribution on that interval; and (iii)  2  = −0007  +    2  (heteroskedasticity), where   ∈ [0002 0010], with   = 0002 + 00004 or drawn from a Uniform distribution on the mentioned interval.
Monte Carlo samples of size   of dwelling characteristics for period 0 were randomly drawn, with replacement, from the original dataset of 546 observations, with   being drawn from a Uniform distribution with limit points 250 and 500 in order to mimic the fact that with actual data the sample size typically differs across periods. For periods 1  20, the samples were generated in two steps. In the first step, "base samples" of size 546 were constructed. In the second step, samples of size   were randomly drawn, with replacement, from the base samples.
To construct the base samples, first, the dwellings in the original sample where sorted according to their actual sale prices. Then, we constructed four strata, where the first stratum contains the 25% cheapest dwellings, the second comprises the next 25% and so on. Let   be a fourelement vector of probabilities assigned to each stratum. We next drew   from a Dirichlet distribution with parameter   =    , where  = 5 is a precision parameter,
. 13 Finally, for each period, we generated a base sample, drawing with replacement from the original dataset a stratified sample based on   .
In all experiments, two alternative hedonic functions are estimated: a log-linear function, estimated by OLS; and an exponential model, estimated by PPML and including the variable  2  as an additional regressor under heteroskedasticity. In the log-linear case, three alternative predictors of dwelling prices are computed: the naive OLS estimator, which first estimates ln (  ) and then uses its antilog as predictor of   ; the normal-smearing OLS estimator (OLSn), which applies the bias correction (16) to the OLS estimator and assumes a normal-distributed error term with known variance; and the smearing OLS estimator (OLSs), which applies the bias correction (15) to the OLS estimator and assumes a homoskedastic error term. Figure 1 reports the main results obtained. The first two rows consider the case of a time-varying error variance, while in the last two rows the error term is heteroskedastic. 14 As expected, in 13 See Murteira and Ramalho (2012) for details on the the particular Dirichlet distribution considered. 14 The results for the case where the error term variance is constant over time and across dwellings are omitted because, in such a case, the four estimators yield consistent (and indistinguishable) estimators for  even in the case of heteroskedasticity. 15 Similarly, the PPML estimator performed very well in all experiments, even in the Gumbel case with heteroskedasticity. However, the variability of the smearing estimator is much larger than that of PPML, especially in small samples and with non-normal error terms, as can be seen in Figure 2 , which displays the root mean squared errors (RMSE) of the estimators under heteroskedasticity for both   ∈ {250 500} and   ∈ {2500 5000}. Interestingly, the OLSn estimator displays the lowest RMSE when the sample size is small. However, this can be hardly seen as a positive feature of this estimator: it just means that, in cases where the error term has a non-normal distribution, OLSn estimates are concentrated far away from the true price indexes. When the sample size increases, the PPML estimator is the best RMSE performer in most cases. 
Results

Link 2
In Section 4, we identified a very relevant link between AHPI, exponential hedonic functions and the PPML method. Next, we investigate whether respecting this link may originate less precise estimates of AHPI in some circumstances by considering two alternative estimation methods to PPML: NLS and GPML. These alternative methods are expected to produce more efficient estimators of the parameters of the hedonic function when the nuisance parameter  that appears in the error term variance (27) is close to 0 (GPML) or 2 (NLS).
The following exponential hedonic function is now used to generate dwelling prices:
where, based on Anglin and Gencay's (1996) dataset, we set  * 0 0 = [−4770 0458 0147 0168]. We generate exp ( *  ) as a lognormal random variable with mean one and variance as in (27), with  = 1 and  = −1 0 1 2. The remaining characteristics of these experiments are similar to those of the previous section (Design A).
Figure 3 displays 99% confidence intervals and root mean squared errors (RMSE) for alternative estimators of AHPI. Both statistics show clearly that NLS is often much less precise than its competitors, which is a consequence of the extreme values that NLS occasionally yields. These results mimic the erratic behavior of NLS in the estimation of regression coefficients already detected by Manning and Mullahy (2001) and Santos Silva and Tenreyro (2006) . Regarding PPML and GPML, no substantial efficiency gains arise from using one or the other estimator, so, given the attractive features of the former estimator discussed before, in general there will be no reasons for using other estimator than PPML in this context. The first link identified in the paper concerns the association between AHPI (GHPI) and hedonic functions that use the price (logged price) as dependent variable: only when this link is respected no bias corrections will be necessary to obtain consistent estimates of QAPI. The Monte Carlo study provided clear evidence of the substantial biases that may arise in the construction of AHPI when a log-linear hedonic function is used and wrong assumptions are made on the error term distribution. The other two links discussed in the paper are also very useful, since they allow the computation of QAPI in a more simplified and timely manner. In the context of the imputation price method, the process of producing Paasche-type AHPI is substantially simplified if hedonic functions with linear (exponential) specifications for the RHS are estimated by OLS (PPML). In the framework of the time dummy variable method, the use of an exponential hedonic function allows the computation of AHPI simply as the exponential transformation of a time dummy variable coefficient; so far, such simplification was thought to be valid only for computing GHPI based on log-linear hedonic functions.
Overall, the exponential model, which has rarely been used in the hedonic literature, proves to be more useful to deal with AHPI than the more popular linear model, particularly when estimated by PPML. As the linear model, it avoids the use of bias corrections and allows the simplification of Paasche QAPI if the appropriate estimation method is used. In addition, the exponential model: (i) avoids the occurrence of negative predictions for asset prices; (ii) allows the use of the time dummy variable method; and (iii) produces asymptotically equivalent results to those yielded by the popular log-linear hedonic model in the few cases where the bias corrections required to the latter type of model are not too hard to estimate.
In this paper we focussed on the construction of unweighted AHPI and GHPI, which are suitable for unique, infrequently traded assets. However, with a few adaptations, namely the use of weighting schemes, the links identified in this paper also apply to heterogeneous goods frequently transacted. Moreover, the results of this paper are also relevant for computing QAPI 
